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Abstract. Accurate predictions of cloud condensation nuclei (CCN) activation are essential for reducing un-
certainties in aerosol-cloud interactions and climate projections. Most large-scale aerosol models represent par-
ticles as compositionally averaged internal mixtures and assume constant surface tension of water, neglecting
particle-level compositional variability and surfactant-driven reductions in surface tension. Here we use the
particle-resolved model WRF-PartMC to quantify how these simplifications affect CCN predictions by compar-
ing particle-resolved (PR) and composition-averaged (Comp) aerosol populations under constant surface tension
(CST) and effective surface tension (EST) treatments. Within this framework, PR-EST case provides the most
physically detailed reference, and Comp-CST case represents a modal-like aerosol representation in large-scale
models. We find this modal-like representation underpredicts CCN by ∼ 19 % on average relative to PR-EST
reference. This bias reflects two opposing effects: neglecting surfactants suppresses activation, whereas compo-
sition averaging shifts activation in both directions depending on particle size and composition. A particle-level
decomposition shows that Comp-EST modifies activation through coupled changes in hygroscopicity and sur-
face tension that oppose each other, producing compensating shifts in particle critical supersaturation. These
responses produce opposing biases across particle size ranges, with enhanced activation in Aitken mode and
suppressed activation in accumulation mode. When EST is included, the remaining bias from composition aver-
aging is substantially reduced, with Comp-EST case differing from the PR-EST reference by ∼ 6 % in domain-
mean. These results demonstrate simplified aerosol schemes can produce apparently reasonable CCN predictions
through compensating errors, even when underlying activation physics is misrepresented. Incorporating effective
surface tension therefore offers a practical pathway to reduce structural biases in large-scale models.

1 Introduction

Cloud condensation nuclei (CCN) exert a strong influence on
cloud microphysical properties, radiative forcing, and the hy-
drological cycle (IPCC, 2021), making accurate CCN predic-
tion a long-standing objective of aerosol-climate modeling.
Despite decades of development, aerosol-cloud interactions
remain one of the largest sources of uncertainty in climate
projections (Riipinen et al., 2011; Rosenfeld et al., 2014; He
et al., 2015; Seinfeld et al., 2016). A central challenge is the

representation of aerosol particle size, composition, and mix-
ing state in large-scale models, which must rely on highly
simplified descriptions of an inherently heterogeneous parti-
cle population.

Most global and regional aerosol-climate models diag-
nose CCN concentrations using κ-Köhler theory (Petters and
Kreidenweis, 2007) applied to composition-averaged aerosol
modes or bins, assuming constant surface tension of water
and neglecting particle-scale variability (Neale et al., 2010;
Liu et al., 2012). This approach collapses a wide distribu-
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tion of particle sizes and compositions into a small number
of internally mixed modes, trading physical realism for com-
putational tractability. Surprisingly, despite these simplifica-
tions, modeled CCN concentrations often agree with obser-
vations to within a factor of order unity at fixed supersatura-
tion, particularly in aged or regionally averaged aerosol pop-
ulations (Moore et al., 2008; Hallquist et al., 2009; Petters
et al., 2016; Lowe et al., 2016). This apparent success sug-
gests that simplified aerosol schemes may reproduce CCN
concentrations through compensating errors. However, the
physical origin of such compensation, particularly the inter-
action between hygroscopicity, surface tension, and compo-
sition averaging, has not been systematically examined.

Previous work has shown that composition averaging
alone can introduce compensating errors in CCN predic-
tions (Ching et al., 2017). When particle composition is ho-
mogenized within a size mode, some particles experience re-
duced critical supersaturation and become CCN active, while
others experience increased critical supersaturation and fail
to activate. The net CCN error is therefore the aggregate re-
sult of particle-level gains and losses across the activation
threshold. In some cases, these opposing contributions par-
tially cancel, yielding modest bulk CCN errors even when in-
dividual particle activation behavior is substantially altered.
This mechanism highlights that CCN agreement at the popu-
lation level may mask significant misclassification at the par-
ticle level.

At the same time, laboratory and field studies have demon-
strated that surface-active organic compounds can modify
CCN activation by reducing droplet surface tension (Gill
et al., 1983; Cruz and Pandis, 1998; Sareen et al., 2013; Noz-
ière et al., 2014; Bzdek et al., 2020), an effect not captured
by standard κ-Köhler theory. Effective surface tension (EST)
approaches have been proposed to represent this pathway
within Köhler theory by accounting for organic surface cov-
erage and liquid-liquid phase separation (Ovadnevaite et al.,
2017; Xu et al., 2026a). These studies consistently show
that surfactants can enhance CCN activation, particularly for
particles near the activation threshold. However, surfactant
effects are almost universally neglected in global aerosol-
climate models, which continue to rely on constant surface
tension (CST) assumptions.

From a laboratory and process-level perspective, inclusion
of surfactant effects in CCN parameterizations is well mo-
tivated. However, large-scale aerosol-climate models do not
resolve individual particles but instead represent aerosol pop-
ulations using internally mixed modes with averaged compo-
sition. In such a framework, composition averaging may al-
ready introduce compensating biases in CCN activation. In-
corporating surfactant effects without simultaneously restor-
ing particle-level compositional variability can therefore alter
this balance, potentially degrading apparent agreement with
observations despite improving the underlying physical rep-
resentation.

Crucially, composition averaging and surfactant effects
influence CCN activation through distinct and, in some
regimes, opposing physical mechanisms. Composition av-
eraging homogenizes chemical composition within a size
mode, redistributing hygroscopic and less hygroscopic com-
ponents among particles. This tends to increase κ for ini-
tially organic-rich particles while decreasing κ for initially
inorganic-rich particles, thereby shifting critical supersatura-
tion in opposing directions (Ching et al., 2012; Yao et al.,
2022). In contrast, neglecting surfactant effects implicitly
assumes higher surface tension, raising critical supersatura-
tion and suppressing activation (Nozière et al., 2014; Ruehl
et al., 2016; Ovadnevaite et al., 2017). The interaction be-
tween these two simplifications has not been systematically
examined, particularly in realistic aerosol populations with a
mixing state between the external and internal limits.

In this study, we use output from a regional-scale, particle-
resolved aerosol simulation (WRF-PartMC) over Califor-
nia (Curtis, 2019) to examine how CCN biases arise when
large-scale model simplifications are applied to a hetero-
geneous aerosol population. Within our framework, the
particle-resolved EST case represents the most physically
detailed reference, whereas the composition-averaged CST
case serves as an analogue for the modal-like aerosol repre-
sentations commonly used in large-scale models. Although
the EST treatment remains semi-empirical and therefore ide-
alized (Ovadnevaite et al., 2017), it provides the most phys-
ically explicit representation of surfactant effects available
within the present modeling framework. We therefore treat
the particle-resolved EST case as a best-effort reference
within the present framework, while noting that the EST
treatment is itself idealized and should not be interpreted
as a complete description of interfacial thermodynamics. Its
core value lies in allowing us to isolate how including ver-
sus omitting those effects changes CCN bias in simplified
aerosol representations. The comparison between these two
end members therefore provides the most directly relevant
measure of model bias.

To interpret the origin of this bias, we further decompose
the problem using intermediate comparisons that separately
isolate the effects of neglected surfactant physics and com-
position averaging. This framework allows us to determine
not only whether composition-averaged representations dif-
fer from the particle-resolved EST reference, but also which
missing processes contribute most strongly to the discrep-
ancy. By linking particle-level shifts in critical supersatura-
tion to bulk CCN errors across aerosol size ranges and mix-
ing states, we show that small aggregate CCN errors can co-
exist with substantial structural biases in the underlying ac-
tivation physics, and that surfactant effects can substantially
alter the balance of errors in simplified aerosol representa-
tions.
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2 Methods

In this section, we define the aerosol representations used to
isolate the effects of surfactant physics and composition av-
eraging on CCN activation (Fig. 1). The starting point is a
particle-resolved aerosol population obtained from a WRF-
PartMC simulation, in which each particle has an explicitly
simulated dry diameter and chemical composition reflecting
emissions, mixing, and aging processes. Within this frame-
work, CCN activation is diagnosed using either a constant
surface tension (CST) assumption or an effective surface ten-
sion (EST) treatment that accounts for surfactant-induced re-
ductions in droplet surface tension.

The top row of Fig. 1 represents particle-resolved cases:
PR-CST (panel a) and PR-EST (panel b). We treat PR-EST as
the best-effort physical reference available within our frame-
work and therefore use it as the reference for evaluating sim-
plified cases. We note that the EST treatment is itself ide-
alized and may overestimate surface tension reduction in
cases where organic material does not fully partition to the
droplet interface (Sorjamaa et al., 2004; Prisle et al., 2008;
Bzdek et al., 2020). The PR-CST case isolates the impact
of neglecting surfactant effects while retaining full particle-
level compositional variability. The bottom row represents
composition-averaged cases in which particle compositions
are homogenized within size ranges. Applying composition
averaging under the CST assumption (Comp-CST, panel c)
serves as an analogue to modal or sectional aerosol repre-
sentations used in large-scale models. Composition averag-
ing combined with EST (Comp-EST, panel d) represents a
scenario in which surfactant effects are incorporated within
a composition-averaged framework. The red dashed line in-
dicates the prescribed environmental supersaturation (0.3 %)
used to diagnose CCN activation; particles with critical su-
persaturation below this threshold are classified as CCN-
active. We choose 0.3 % as a representative supersaturation
for polluted continental conditions and because it provides
a useful threshold for illustrating particle-level gains and
losses in CCN activation (Pruppacher et al., 1998; Andreae
and Rosenfeld, 2008). Together, these four representations
form a two-dimensional design in which horizontal compar-
isons isolate surface tension effects and vertical comparisons
isolate the impact of composition averaging. The resulting
differences are quantified as relative CCN biases in Sect. 3.
In particular, the diagonal comparison between PR-EST and
Comp-CST quantifies the bias introduced by a modal-like
representation relative to the particle-resolved reference.

2.1 Effective Surface Tension (EST) Framework

To account for surfactant effects, we adopt a semi-empirical
effective surface tension (EST) approach described by Ovad-
nevaite et al. (2017) and implemented in PartMC-MOSAIC
by Xu et al. (2026a). This method assumes liquid-liquid
phase separation (LLPS) where an inorganic core (α) is par-

tially or fully covered by an organic-rich shell (β). The ef-
fective surface tension σ (D) is calculated as a blend of the
inorganic and organic phase tensions based on the fractional
surface coverage Cβ :

σ (D)=
(
1−Cβ

)
σα +Cβ σβ , (1)

where σα and σβ are the surface tensions of the inorganic and
organic phases, respectively. The fractional surface coverage
Cβ is computed individually for each particle from its simu-
lated composition. Assuming that the entire organic volume
of a particle partitions to the shell phase β under LLPS, and
that a complete film requires a minimum shell thickness δmin,
the surface coverage of a droplet with wet diameter D is

Cβ (D)=min
[
Vβ

Vδ(D)
,1
]
,

Vδ(D)=
4
3
π

((
D

2

)3

−

(
D

2
− δmin

)3
)
, (2)

where Vβ is the organic-phase volume of the particle, and
Vδ(D) is the volume of a spherical shell of thickness δmin.
Particles containing enough organic material to sustain a
complete film are fully covered (Cβ = 1, σ = σβ ). Because
Vβ differs from particle to particle, organic-rich particles
reach full coverage (Cβ = 1) while organic-poor particles
are only partially covered; and because Vδ(D) grows as the
droplet takes up water, Cβ and hence σ (D) also vary along
each particle’s Köhler curve. Following Ovadnevaite et al.
(2017), we use σβ = 30 mN m−1 and δmin = 0.16 nm.

Within the κ-Köhler framework (Petters and Kreidenweis,
2007), the EST enters by replacing the constant water surface
tension with the composition-dependent σ (D) in the Kelvin
term:

S(D)=
D3
− d3

D3− (1− κ)d3 exp
(

4σ (D)Mw

RT ρwD

)
. (3)

Full details on the implementation in PartMC-MOSAIC and
sensitivity tests regarding σβ and δmin are provided in Xu
et al. (2026a).

2.2 Composition Averaging and Size Ranges

To simulate the simplification used in modal or sectional
aerosol schemes, we apply a composition averaging map-
ping (Zaveri et al., 2010; Ching et al., 2012). The aerosol
population is partitioned into three size regimes based on dry
diameter d: Aitken mode (10–100 nm), accumulation mode
(100 nm–1 µm), and coarse mode (> 1 µm). Within each size
range, the chemical composition of individual particles is
homogenized. This mapping preserves the original dry di-
ameter d of each particle but replaces its specific species
distribution with the mode-average composition. This pro-
cedure reduces particle-to-particle compositional variability
within each mode, allowing us to isolate the resulting shifts in
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Figure 1. Schematic of the four aerosol representations considered in this study. The top row shows particle-resolved (PR) cases under
constant surface tension (PR-CST, a) and effective surface tension (PR-EST, b). The bottom row shows composition-averaged (Comp) cases
under constant surface tension (Comp-CST, c) and effective surface tension (Comp-EST, d). The red dashed line indicates the prescribed
environmental supersaturation (0.3 %) used to diagnose CCN activation; particles with critical supersaturation below this threshold are clas-
sified as CCN-active. The schematic particles in the upper-right corner of each panel illustrate how individual aerosols are represented under
each scenario: green denotes organic material and the other colors denote the inorganic species. Horizontal comparisons isolate surfactant
effects, vertical comparisons isolate the impact of composition averaging, and the diagonal comparison between PR-EST and Comp-CST
represents the bias of a modal-like representation relative to the particle-resolved reference.

critical supersaturation sc. The detailed mathematical deriva-
tion of this averaging procedure is described in Ching et al.
(2012).

2.3 Mixing State Index (χ )

We use the mixing state index χ (Riemer and West, 2013)
as a diagnostic tool to quantify the distribution of chemical
species across the population. χ is defined as the ratio of av-
erage per-particle species diversity (Dα) to the bulk popula-
tion diversity (Dγ ):

χ =
Dα − 1
Dγ − 1

. (4)

A value of χ = 0 % represents a fully external mixture, while
χ = 100 % indicates a perfectly internal mixture. The selec-
tion of species for computing χ can depend on specific re-
search objectives, such as elemental composition (O’Brien
et al., 2015) or hygroscopicity components (Ching et al.,
2017; Hughes et al., 2018). In this study, χ is computed
based on hygroscopic and non-hygroscopic components. For
each grid cell,Dα andDγ are evaluated from the per-particle
species masses in the WRF-PartMC output (Sect. 2.4), giv-
ing one value of χ per grid cell. The index is used only as
a diagnostic to interpret CCN prediction errors and does not
enter the activation calculations directly.

2.4 WRF-PartMC Simulation Data

All analyses in this study are based on the per-particle out-
put of a single regional-scale, particle-resolved simulation
using WRF-PartMC (Curtis, 2019). For each simulated par-
ticle, this output provides its dry diameter, per-species mass,
and number concentration, from which all quantities reported
here (e.g., κ , sc, CCN concentrations, and χ ) are derived. The
simulation covers a California domain at 4×4 km horizontal
resolution. We examine a representative near-surface snap-
shot at 12:00 LST, 18 June 2010, focusing on land grid cells
to capture variability in anthropogenic emissions and aerosol
mixing state. WRF-PartMC explicitly tracks the evolution of
individual particles through emission, coagulation, transport,
and multiphase partitioning of semi-volatile species, provid-
ing the heterogeneous particle populations needed for the
present CCN analysis. Although this partitioning is treated
dynamically within the simulation, our CCN calculations
are based on the fixed snapshot and assume that dry parti-
cle composition does not change during activation. In par-
ticular, the additional co-condensation of semi-volatile and
intermediate-volatility organics that can occur as relative hu-
midity increases toward activation is not represented. Such
co-condensation would add organic mass to the growing
droplets, increasing both the soluble and the surface-active
material at the droplet surface (Topping et al., 2013; Ser-
rano Damha et al., 2024), and because it preferentially raises
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the organic fraction, its neglect most plausibly leads the
surfactant-related CCN differences reported here conserva-
tive. The simulation used here should be interpreted as a
process-level case study rather than a climatological evalu-
ation. In particular, new particle formation and biogenic sec-
ondary organic aerosol are not included in the simulation.
Full details on the meteorological setup, emission inventory,
gas-phase chemistry and aerosol thermodynamics are pro-
vided in Curtis (2019).

3 Results

The Results section proceeds from mechanism to manifesta-
tion. We first show how composition averaging redistributes
particles across the activation threshold under CST and EST
assumptions, then use a κ-σ decomposition to explain the re-
sulting compensation at the particle level. We finally demon-
strate how these competing responses translate into bulk
CCN biases, including the model-relevant bias of a modal-
like representation relative to the particle-resolved reference,
and how these biases depend on aerosol mixing state.

3.1 Composition averaging under CST: particle-level
origin of CCN error

We first isolate the impact of composition averaging while
retaining the constant surface tension (CST) assumption.
The analysis shown in Fig. 2 is based on a representa-
tive near-surface grid cell from the WRF-PartMC simula-
tion, selected to illustrate particle-level behavior in a pol-
luted coastal region. This comparison separates the struc-
tural effect of homogenizing particle composition within
size ranges from any surfactant-related changes in surface
tension. Figure 2 presents a two-dimensional histogram
comparing the particle-level critical supersaturation sc in
the particle-resolved CST case (PR-CST, x-axis) and the
composition-averaged CST case (Comp-CST, y-axis).

The dashed 1 : 1 line separates particles whose critical su-
persaturation increases after composition averaging (points
above the line) from those whose critical supersaturation de-
creases (points below the line). To diagnose CCN activation,
we impose an environmental supersaturation threshold senv
of 0.3 % (red dashed lines), chosen as a representative pol-
luted continental supersaturation and because it places both
Aitken and accumulation particles near the activation thresh-
old. Particles to the left of the vertical line activate in the
particle-resolved reference case, and particles below the hor-
izontal line activate in the composition-averaged case.

This partition defines four quadrants (Ching et al., 2017).
Particles in quadrant A remain inactive in both cases, while
particles in quadrant C activate in both cases. These parti-
cles do not contribute to bulk CCN bias despite shifts in their
critical supersaturation. In contrast, quadrant B contains par-
ticles that activate in the reference case but not after compo-
sition averaging (CCN losses), and quadrant D contains par-

Figure 2. Two-dimensional histogram of particles’ critical super-
saturations before and after composition averaging under the con-
stant surface tension (CST) assumption. The dashed black line
shows the 1 : 1 relationship. Red dashed lines indicate the envi-
ronmental supersaturation threshold senv = 0.3 % used to diagnose
CCN activity. Quadrants A and C represent particles that remain in-
active or active, respectively, while quadrant B denotes CCN losses
and quadrant D denotes CCN gains induced by composition aver-
aging.

ticles that activate after composition averaging but not in the
reference case (CCN gains). The net CCN bias under CST
is therefore determined by the imbalance between particle
gains (quadrant D) and losses (quadrant B), consistent with
Ching et al. (2017), who found that composition averaging
generally leads to CCN overestimation except at very low
supersaturation thresholds.

This gain-loss framework establishes that bulk CCN bias
arises from threshold-crossing behavior at the particle level.
We next examine how this balance is modified when surfac-
tant effects alter critical supersaturation through changes in
surface tension.

3.2 Composition averaging under EST: modified
gain-loss balance

We next examine composition averaging within the effective
surface tension (EST) framework. Figure 3 shows the cor-
responding sc-sc comparison between the particle-resolved
EST reference (PR-EST, x-axis) and the composition-
averaged EST case (Comp-EST, y-axis). As in the CST case,
most particles cluster near the 1 : 1 line, and the same en-
vironmental supersaturation threshold partitions the diagram
into gain and loss quadrants.

Because surface tension now depends on composition and
organic surface coverage, changes in sc are no longer gov-
erned solely by shifts in hygroscopicity. The combined influ-
ence of κ and σ modifies the distribution of particles relative
to the activation threshold. Compared to the CST case map-
ping, the imbalance between CCN losses (quadrant B) and
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Figure 3. Same as Fig. 2 but evaluated within the effective sur-
face tension (EST) framework. The x-axis shows particle-resolved
sc computed with EST (sPR,EST

c ), and the y-axis shows sc after
composition averaging, also evaluated with EST (scomp,EST

c ). The
dashed black 1 : 1 line and red dashed senv = 0.3 % threshold define
the same gain-loss quadrants as in Fig. 2.

gains (quadrant D) is reduced. In other words, when activa-
tion is evaluated under EST, composition averaging produces
a smaller net gain-loss asymmetry than under CST. This
behavior indicates that the CCN bias introduced by com-
position averaging depends on the assumed surface tension
framework.

To clarify the origin of this redistribution, we next quantify
how changes in hygroscopicity (κ) and surface tension (σ )
jointly influence critical supersaturation through 1 lnsc.

3.3 Mechanistic decomposition: κ-σ competition in
∆ lnsc

To understand why composition averaging produces a
smaller net CCN bias under EST than under CST, we ex-
amine how changes in hygroscopicity and surface tension
jointly influence critical supersaturation at the particle level.
The κ-Köhler analytical approximation provides a conve-
nient scaling framework for separating these contributions.

Starting from the κ-Köhler analytical approximation (Pet-
ters and Kreidenweis, 2007),

lnsc ∝ σ 3/2d−3/2κ−1/2, (5)

which holds for small supersaturation (sc� 1), we obtain the
logarithmic sensitivity

1 lnsc =
3
2
1 lnσ −

3
2
1 lnd −

1
2
1 lnκ. (6)

This expression provides a first-order sensitivity of critical
supersaturation to changes in hygroscopicity and surface ten-
sion and is used here to interpret the dominant mechanisms
driving particle-level shifts in activation.

For perturbations at fixed dry diameter d , this simplifies to

1 lnsc =
3
2
1 lnσ −

1
2
1 lnκ. (7)

For each particle j , composition averaging under EST mod-
ifies both hygroscopicity and effective surface tension. Rela-
tive to the particle-resolved EST reference state, we define

1 lnσj = lnσ comp
j − lnσ PR

j , (8)

1 lnκj = lnκcomp
j − lnκPR

j , (9)

where the superscripts “PR” and “comp” denote particle-
resolved and composition-averaged populations, respec-
tively, both evaluated with EST.

Substituting these perturbations into Eq. (7) yields the
particle-level decomposition

1 lns(σ )
c,j =

3
2

(
lnσ comp

j − lnσ PR
j

)
, (10)

1 lns(κ)
c,j =−

1
2

(
lnκcomp

j − lnκPR
j

)
, (11)

so that the predicted total response becomes

1 lnstotal,pred
c,j =1 lns(σ )

c,j +1 lns(κ)
c,j . (12)

This formulation explicitly separates the EST-consistent
perturbation into thermodynamic (surface tension) and hy-
groscopic (κ) contributions.

Figure 4 visualizes this competition by plotting 1 lns(κ)
c

on the x-axis and 1 lns(σ )
c on the y-axis for all particles, as

well as separately for Aitken and accumulation modes. The
origin represents no change in activation properties. Positive
values correspond to an increase in critical supersaturation
and thus suppressed activation, whereas negative values de-
crease supersaturation and thus enhance activation.

The four quadrants correspond to distinct physical
regimes:

– Quadrant I (reinforcing suppression): both κ and σ con-
tributions increase sc and suppress activation.

– Quadrant II (compensation): hygroscopicity promotes
activation while surface tension suppresses it.

– Quadrant III (reinforcing activation): both mechanisms
promote activation.

– Quadrant IV (reverse compensation): surface tension
promotes activation while hygroscopicity suppresses it.

When considering all particles together, the compensating
regimes (Quadrants II and IV) dominate the distribution, in-
dicating that κ and σ contributions frequently oppose each
other. The predominance of compensating regimes reflects
the dual role of organic material in CCN activation. Increas-
ing organic fraction simultaneously reduces hygroscopicity
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Figure 4. Particle-level decomposition of changes in critical supersaturation induced by composition averaging under the EST framework,
with the x-axis showing the hygroscopicity contribution 1 lns(κ)

c =−
1
2
(
lnκcomp

− lnκPR) and the y-axis showing the surface tension con-

tribution 1 lns(σ )
c =

3
2
(
lnσ comp

− lnσPR) (Eq. 7). Colors indicate the normalized particle number concentration. The origin corresponds to
no change in activation properties; positive (negative) values indicate an increase (decrease) in sc and thus suppressed (enhanced) activation.
The four quadrants identify regimes where κ and σ effects reinforce (Quadrants I and III) or compensate (Quadrants II and IV). The red
dashed line marks 1 lns(σ )

c =−1 lns(κ)
c , where the κ and σ contributions exactly compensate and the net change in lnsc is zero. Panels

show all particles and mode-separated subsets (Aitken and accumulation), highlighting the mode-dependent weighting of the compensating
regime.

(lower κ) and reduces surface tension, producing opposing
contributions to the critical supersaturation. This predomi-
nance of compensating particle-level responses foreshadows
the modal and spatial error cancellation seen in the bulk CCN
fields below.

When separated by size mode, the dominant compensating
configuration differs. Aitken particles are more frequently
found in Quadrant IV, whereas accumulation particles prefer-
entially occupy Quadrant II. This mode-dependent partition-
ing reflects differences in the internal composition variabil-
ity within each mode and how composition averaging redis-
tributes organic and inorganic material across particles.

3.4 From particle-level competition to bulk εCCN: spatial
patterns and mode dependence

Section 3.1–3.3 established the particle-level mechanisms
that govern CCN biases. Composition averaging redis-
tributes particles across the activation threshold (Sect. 3.1),
while surfactant-induced surface tension changes introduce
an additional response that competes with hygroscopicity
(Sect. 3.2). The κ-σ decomposition further showed that these
contributions frequently act in opposition at the particle level
(Sect. 3.3). We now examine how these mechanisms mani-
fest in bulk CCN biases across the WRF-PartMC domain.

The error metrics reported here refer to CCN concentra-
tions (εCCN), not directly to cloud droplet number concentra-
tion (CDNC). CCN represents the particles that can activate
at a specified supersaturation, whereas CDNC represents the
number of droplets that actually form in a cloud parcel. In
rising cloud parcels the peak environmental supersaturation
adjusts to aerosol loading and composition, which partially
buffers CDNC against CCN uncertainties. For example, Er-
vens et al. (2010) showed that a twofold uncertainty in CCN

Figure 5. Spatial context of the WRF-PartMC case over Califor-
nia (12:00 LST, 18 June 2010) for the land grid cells analyzed in
this study. Panel (a) shows the near-surface total particle number
concentration, and panel (b) shows the CCN activation fraction at
senv = 0.3 %.

typically produces only about a 15 % change in CDNC. The
CCN errors quantified below should therefore be regarded as
an upper bound on potential CDNC impacts, while still pro-
viding process-level evidence of how surfactants may bias
simulated aerosol-cloud interactions.

Before quantifying regional CCN biases, we first summa-
rize the spatial context of the WRF-PartMC case. Figure 5
shows the near-surface total particle number concentration
and CCN activation fraction for the land grid cells analyzed
in this study. These fields highlight the pronounced contrast
between polluted coastal regions and cleaner inland areas,
which provides an important background for interpreting the
regional error patterns associated with composition averag-
ing and surfactant effects.

3.4.1 Domain-wide CCN biases

We now turn to the central model-relevant question: how
large is the CCN bias introduced by the modal-like aerosol
representation commonly used in large-scale models? In this
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study, all relative differences ε are defined such that neg-
ative values indicate underprediction relative to the refer-
ence and positive values indicate overprediction. Based on
Fig. 1, our primary metric (Eq. 13) is the diagonal compar-
ison between the composition-averaged CST representation
and the particle-resolved EST reference, which captures the
combined effect of composition averaging and the constant
surface tension assumption.

εrep =
CCNCST−CCNEST

CCNEST
. (13)

This quantity represents the net bias of a modal-like aerosol
treatment relative to the most physically detailed reference
available in the present framework. It therefore combines the
effects of two simplifications that are usually made simulta-
neously in large-scale models: composition averaging within
size ranges and neglect of surfactant-driven surface tension
reduction.

To determine which of these two simplifications con-
tributes most strongly to εrep, we define three additional di-
agnostic relative differences, that isolate individual process
contributions:

εPR
σ =

CCNCST−CCNEST

CCNEST
, (14)

ε
comp
CST =

CCNCST−CCNCST

CCNCST
, (15)

ε
comp
EST =

CCNEST−CCNEST

CCNEST
. (16)

Here, εPR
σ is the relative CCN difference between the two

particle-resolved cases, PR-CST and PR-EST. Since both re-
tain full particle-level composition, it isolates the effect of
surface tension alone, i.e., the CCN change caused by us-
ing CST (neglecting surfactants) instead of EST (including
them). Further, εcomp

CST quantifies the composition-averaging
bias in the conventional no-film framework, and εcomp

EST quan-
tifies the residual composition-averaging bias once surfac-
tant effects are included. Figure 6 shows that εrep is predom-
inantly negative, indicating that the modal-like Comp-CST
representation systematically underpredicts CCN relative to
the particle-resolved EST reference. The decomposition clar-
ifies why. The surfactant-related term εPR

σ is uniformly neg-
ative, with a domain-mean value of −29 %, showing that
neglecting surfactant-driven surface tension reduction intro-
duces a broad negative CCN bias. In contrast, εcomp

CST is posi-
tive on average and reflects the particle-level gain-loss redis-
tribution identified in the sc-sc diagrams (Sect. 3.1): compo-
sition averaging shifts particles across the activation thresh-
old in both directions, producing a positive domain-mean
bias (15 %). This positive bias is consistent with earlier find-
ings on CCN errors introduced by composition averaging and
mixing state simplification (Zaveri et al., 2010; Ching et al.,
2017). The new contribution here is to show how this famil-

iar effect interacts with surfactant-induced surface tension re-
duction in the full bias decomposition. Thus, the modal-like
bias does not arise from a single simplification alone, but
from incomplete cancellation between two biases of oppo-
site sign.

This framing also clarifies the practical significance of
Fig. 7. Compared with εrep, the residual composition-
averaging bias under EST, εcomp

EST , is much smaller, with a
domain-mean value of only 6.0 % in this case study. Con-
sistent with the particle-level κ-σ competition identified in
Sect. 3.3, composition averaging under EST introduces op-
posing perturbations that partially compensate when aggre-
gated to bulk CCN. In other words, once surfactant effects are
represented, the remaining discrepancy associated with com-
position averaging alone is substantially reduced. This does
not imply that the Comp-EST representation is a physically
complete representation, but it does show that the apparent
severity of composition-averaging error depends strongly on
whether surfactant effects are omitted. Although the quanti-
tative magnitude of this improvement depends on the adopted
EST formulation, the comparison remains useful for iden-
tifying how the inclusion of surfactant effects changes the
structure of CCN bias within the present framework.

Taken together, these results lead to two conclusions: First,
the negative modal-like bias arises primarily because the
Comp-CST representation combines two simplifications, of
which neglecting surfactant effects produces the broader and
more systematic negative shift. Second, among the simpli-
fied representations examined here, Comp-EST is closest
to the PR-EST reference. This finding points to effective
surface tension as a promising and computationally feasi-
ble refinement for large-scale modal aerosol models, even
when particle-resolved compositional variability remains un-
resolved.

3.4.2 Mode-resolved CCN biases

To understand why the domain-integrated modal-like bias re-
mains negative, we next separate εrep by particle size mode.
All mode-resolved relative differences are computed using
the same definitions as in Sect. 3.4.1, but with CCN con-
centrations restricted to each mode and normalized by the
corresponding mode-specific CCN in the reference case. Fig-
ure 8 shows that the Comp-CST representation underpredicts
CCN relative to the PR-EST reference in both the Aitken
and accumulation modes over most of the domain. However,
the Aitken mode exhibits positive εrep in polluted coastal
regions, indicating that composition averaging locally over-
compensates the negative bias introduced by neglecting sur-
factant effects.

Figure 9 shows how the three component error metrics be-
have within each size mode. This decomposition reveals that
the two simplifications do not merely offset one another in
the bulk, but do so in a strongly size-dependent way. Due to
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Figure 6. Spatial distribution of the primary model-relevant CCN bias, εrep, and its decomposition into contributions from surfactant-induced
surface tension effects (εPR

σ ) and composition averaging under constant surface tension (εcomp
CST ) at senv = 0.3 %.

Figure 7. Comparison between the primary model-relevant bias
εrep and the composition-averaging-induced bias under effective
surface tension, εcomp

EST , at senv = 0.3 %. This comparison isolates
the residual impact of composition averaging when surfactant ef-
fects are included.

Figure 8. Mode-resolved spatial patterns of the primary model-
relevant CCN bias εrep at senv = 0.3 %, shown separately for Aitken
and accumulation modes.

the limited number of coarse mode particles in this simula-
tion, coarse mode results are not shown.

For the Aitken mode (Fig. 9a–c), εPR
σ is consistently

negative, confirming that surfactants have a stronger influ-
ence on activation for smaller particles (Xu et al., 2026a).
The composition averaging bias under CST (εcomp

CST ) changes
sign across the domain: it is positive in polluted coastal re-
gions but negative in many inland areas. When EST is in-
cluded, however, the composition-averaging bias εcomp

EST be-
comes positive throughout the domain. This indicates that, in
the Aitken mode, the κ-σ competition identified in Sect. 3.3
shifts the net effect of composition averaging toward en-
hanced activation.

In the accumulation mode, εPR
σ remains negative, but is

substantially smaller in magnitude than in the Aitken mode,
consistent with the weaker sensitivity of larger particles to
surface tension (Xu et al., 2026a). The CST composition-
averaging bias, εcomp

CST , exhibits the opposite spatial pattern

from the Aitken mode, with negative values in polluted
coastal regions and positive values inland. Under EST, the
composition-averaging bias εcomp

EST becomes uniformly nega-
tive.

The residual composition-averaging bias under EST,
ε

comp
EST , provides the clearest view of what remains once sur-

factant effects are represented consistently. In the Aitken
mode, εcomp

EST is positive throughout the domain, indicating
that under EST the homogenization of composition tends
to shift small particles toward enhanced activation. In the
accumulation mode, εcomp

EST is uniformly negative, showing
that composition averaging continues to suppress activation
of larger particles even when surface tension effects are
treated consistently. Thus, including EST does not remove
the structural bias associated with composition averaging,
but it changes its sign and magnitude in a strongly mode-
dependent way. This mode-dependent behavior can be re-
lated back to Fig. 4: while the quadrants indicate the direc-
tions of the individual κ and σ contributions, the net effect
on activation is determined by whether particles fall above or
below the red dashed line. In the accumulation mode (panel
c), particles lie predominantly above this line, indicating that
the σ contribution outweighs the κ contribution, yielding a
net increase in sc and thus negative εcomp

EST .
Taken together, Figs. 8 and 9 show why apparently reason-

able bulk CCN agreement between Comp-CST and PR-EST
can be misleading. In polluted Aitken populations, compo-
sition averaging can offset part of the negative bias caused
by neglected surfactant effects, whereas in the accumulation
mode the bias remains negative. The total CCN error there-
fore reflects partial cancellation across modes rather than
uniformly accurate activation physics. The compensation is
real, but incomplete: it can improve agreement in bulk CCN
while still leaving systematic size-dependent errors in the un-
derlying activation response. In this way, the mode-resolved
analysis reinforces the central result of the paper: simpli-
fied aerosol representations can benefit from compensating
errors, but those compensations do not guarantee physically
correct CCN predictions. More broadly, this result suggests
caution in interpreting apparently good bulk CCN agreement
with observations, since compensating structural errors may
mask process-level biases in the underlying activation repre-
sentation.
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Figure 9. Mode-resolved spatial patterns of CCN relative differences at senv = 0.3 % for (a–c) Aitken and (d–f) accumulation particles.

Figure 10. Spatial distribution of the aerosol mixing state index χ
for the near-surface land grid cells analyzed in this study. Low χ

regions correspond to more externally mixed aerosol populations,
whereas high χ regions indicate more internally mixed aerosol.

3.5 Mixing state dependence of CCN prediction errors

The preceding sections showed that CCN biases arise from
particle-level κ-σ competition and modal error compensa-
tion. We now examine how these effects depend on aerosol
mixing state. This diagnostic links the structural simplifica-
tions examined above to a widely used metric of aerosol pop-
ulation heterogeneity (Bondy et al., 2018; Yu et al., 2020).

Figure 10 shows the spatial distribution of χ across the
near-surface land grid cells. The lowest values of χ , corre-
sponding to the most externally mixed aerosol populations
(with respect to hygroscopic and non-hygroscopic species),
occur primarily in polluted coastal regions, whereas in-
land regions tend to exhibit higher χ and thus more in-
ternally mixed aerosol. This pattern is physically plausible:
near source regions, freshly emitted particles from different
sources remain more compositionally distinct, whereas far-
ther inland atmospheric aging and condensational processing
drive the population toward a more internally mixed state.
This spatial structure helps explain why the strongest CCN
sensitivities to composition averaging and surfactant effects
are concentrated near source regions.

To improve sampling across mixing states, this analysis
combines data from two representative time steps (daytime:
12:00 LST on 18 June and nighttime: 00:00 LST on 19 June

2010). Figure 11 shows all four bias metrics as a function
of χ for the total aerosol population. For the three compo-
nent differences (εPR

σ , εcomp
CST , and εcomp

EST ), the magnitudes de-
crease monotonically with increasing χ . Both surfactant ef-
fects and composition averaging produce the largest CCN bi-
ases under strongly externally mixed conditions, and these
biases diminish progressively as the populations approach
a more internally mixed state. This is physically consistent
with the expectation that composition averaging introduces
less structural error as particle-to-particle compositional vari-
ability decreases. However, their asymptotic behavior differs:
the composition-averaging errors (εcomp

CST and εcomp
EST ) approach

zero as χ→ 100 %, whereas the surfactant-related differ-
ence (εPR

σ ) levels off at a finite negative value. This behav-
ior has direct implications for large-scale aerosol models. As
composition-averaged representations effectively assume in-
ternally mixed populations, the error associated with compo-
sition averaging becomes small, whereas the bias introduced
by neglecting surfactant-driven surface tension reduction re-
mains finite and may therefore represent a more persistent
source of CCN bias.

By contrast, the model-relevant bias εrep remains approxi-
mately constant and negative across the full range of χ , with
binned median values near −20 %. This behavior shows that
the overall modal-like bias is not primarily controlled by
mixing state in this case study. Rather, as χ increases, and
the composition-averaging contribution weakens, the persis-
tent negative bias from omitted surfactant effects becomes
relatively more important. This finding has an important im-
plication. Improving the representation of mixing state alone
is unlikely to remove the dominant structural CCN bias if
surfactant effects are still neglected.

4 Conclusions

This study examined how two common simplifications in
large-scale aerosol models jointly affect predictions of cloud
condensation nuclei (CCN) activation: composition averag-
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Figure 11. CCN relative differences (εPR
σ , εcomp

CST , εcomp
EST , and εrep) as a function of aerosol mixing state index χ for all particles. Black lines

indicate binned median values and the color scale represents data density on a logarithmic scale. To improve sampling across mixing states,
data from two representative time steps (12:00 LST on 18 June and 00:00 LST on 19 June 2010) are combined.

ing within size ranges and neglect of surfactant-driven sur-
face tension reduction. Using WRF-PartMC as a particle-
resolved reference, we showed that these two simplifications
introduce systematic but opposing biases, so that apparent
agreement in bulk CCN concentration can arise from com-
pensating errors rather than from a physically faithful repre-
sentation of activation.

At the particle level, composition averaging redistributes
particles across the activation threshold by changing their ef-
fective hygroscopicity, while surfactant effects alter activa-
tion through changes in surface tension. A κ-σ decomposi-
tion showed that these contributions frequently oppose one
another, producing compensating shifts in critical supersatu-
ration.

When aggregated across the aerosol population, these
particle-level responses translate into offsetting CCN biases
across particle sizes, with composition averaging tending to
enhance activation in the Aitken mode but suppress it in
the accumulation mode. For model applications, the most
relevant comparison is between the composition-averaged
constant-surface-tension case, which serves as an analogue
of a modal aerosol treatment in large-scale models, and
the particle-resolved effective-surface-tension reference. In
this comparison, the modal-like representation remains neg-
atively biased overall because the underprediction caused
by neglecting surfactant effects is only partially offset by
composition-averaging errors.

Thus, bulk CCN agreement can be misleading: Total CCN
may appear reasonable even when the underlying activation
physics is incompletely represented. This may help explain
why surfactant-driven surface tension reduction, despite its
importance for particle-level activation, has not emerged
more prominently in large-scale model evaluation.

At the same time, our results show that once effec-
tive surface tension is included, the residual bias associ-
ated with composition averaging alone is substantially re-
duced. In this case study, the composition-averaged effective-
surface-tension representation is the closest simplified case
to the particle-resolved effective-surface-tension reference.
This does not imply that composition averaging is physically
accurate; rather, it shows that the bias attributed to composi-

tion averaging depends strongly on whether surfactant effects
are represented consistently. Put differently, a model that in-
cludes film/surfactant effects but still composition-averages
aerosol may perform much better for CCN than would be
inferred from analyses that neglect films altogether. Across
the full range of mixing states examined here, the modal-
like bias remains persistently negative because reductions in
composition-averaging error are offset by the continued in-
fluence of surfactant-driven surface tension effects. This sug-
gests that improving the representation of mixing state alone
is unlikely to remove the dominant structural CCN bias if
surfactant effects are still omitted.

Although the magnitude of these biases is case-dependent
and the EST treatment is itself idealized, the underlying
mechanism follows directly from the competing roles of hy-
groscopicity and surface tension in Köhler theory and is
therefore likely to apply more broadly. This finding sug-
gests that incorporating physically consistent surfactant ef-
fects may be an important and practical step toward im-
proving CCN predictions in large-scale models, even when
particle-resolved compositional variability cannot be fully
represented. Evaluating the extent to which this mechanism
generalizes across environments and model frameworks, and
its implications for aerosol-cloud radiative forcing, remains
an important direction for future work.
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